Given the challenges in data acquisition and modeling at the stage of detailed exploration, developing a prospectivity model particularly for disseminated ore deposits is difficult. Recent work has shown that the weights of evidencebased modeling has good potential for discovering of such deposits. In our approach, the qualitative geological and quantitative geochemical data obtained from boreholes are used to create a three-dimensional prospectivity model of a porphyry Cu deposit within the Urmia-Dokhtar magmatic arc, Iran. This prospectivity model is created using the weights of evidence method which is further extended for a three-dimensional (3D) space. We demonstrate that this method has the ability of integrating qualitative and quantitative exploration criteria in a 3D space based on the metallogenic model of the study area through prospecting for a concealed ore body. The geological data used in this study, include lithology, alteration and rock origin data. The results indicate a high correlation between monzodiorite units, silicific alteration and as expected volcanic rocks and the Cu mineralization. The input evidential models are integrated using the weights of evidence and three models including posterior probability, uncertainty and studentized posterior probability are created. The anomalous voxels in probability models are determined using concentration-volume fractal models and validated by prediction-area plots. The results show that the posterior probability model is more efficient through discovering Cu mineralization-bearing voxels, but the studentized posterior probability model is more reliable because of the effect of uncertainty in determining the voxel values. Using the Python scripts enclosed to this study, the same procedure can be implemented for exploring concealed ore bodies in other regions and locating potential zones in depth.
Introduction
The shortage of surficial ore deposits has led the human into prospecting for concealed deposits in depth. Traditional exploration methods are becoming inefficient and costly in the case of this type of deposits over time. Mineral prospectivity mapping methods have been applied for exploring near-surface ore deposits, particularly in regional scale in past decades (Brown et al., 2000; Carranza et al., 2005; Carranza and Sadeghi, 2010; Chen and Wu, 2017; Rodriguez-Galiano et al., 2015; Xiong and Zuo, 2018; Zuo et al., 2011) .
These methods have been well developed and categorized as knowledge-and data-driven methods (Cheng and Agterberg, 1999; Manap et al., 2013; Porwal et al., 2003) . They have been usually used for detecting ore deposits in a two-dimensional environment and managed in geographical information systems (GIS) (Carranza et al., 2008; Carranza and Laborte, 2015; Knox-Robinson, 2000; Porwal et al., 2010) .
Concealed ore deposits usually show weak exploration signals on the surface; therefore, there is a need to develop two-dimensional (2D) mineral prospectivity mapping methods in a three-dimensional (3D) space to benefit these methods for in-depth exploration of mineral resources. 3D modeling, analysis and visualization facilitate the perception of key spatial factors in mineralization, ore genesis, and geologic evolution in addition to target appraisal (Carranza, 2009; Li et al., 2018; Mao et al., 2019; Payne et al., 2015; Zuo et al., 2016) . The ability of 3D modeling to provide a reliable spatial model is completely dependent on the quality of input datasets, modeling techniques, expert knowledge and the complexity of the geological setting (Fallara et al., 2006; Houlding, 1994; Jessell et al., 2014; Lindsay et al., 2012; Liu et al., 2016) . A comprehensive metallogenic model helps geometric modeling and spatial analysis through enhancing the reliability of 3D models.
Some of the methods developed in recent years have focused on 3D space, known as 3D mineral prospectivity modeling methods (Hu et al., 2018; Li et al., 2015; Mao et al., 2019; Nielsen et al., 2015; Xiao et al., 2015; Yuan et al., 2014) . These methods can be applied with other modeling methods, such as geostatistics which are used for modeling drilling data and detecting deep-seated ore deposits in both regional and local scales. Regional-scale 3D mineral prospectivity modeling and quantitative assessment is rarely feasible, because required public-domain datasets with consistent coverage over large areas are not available (Xiao et al., 2015) . One of the advantages of 3D mineral prospectivity modeling to geostatistics is the ability of integrating different types of qualitative and quantitative exploration data rather than modeling concentration of an individual geochemical element. Some of the exploration datasets, such as qualitative geological drilling data are gathered by spending high amount of time and money, which are surprisingly ignored at the stage of detailed exploration due to the lack of technique for combining such data with important quantitative data. 3D mineral prospectivity modeling method can integrate such data and provide an efficient model for optimizing the process of selecting new drilling locations and planning the exploitation of an ore reserve.
Using 3D mineral prospectivity modeling, useful geological, geochemical and geophysical data are integrated according to the known dispersion of mineralization in a modeling space. The result of this process is a formulated 3D model which presents a quantitative assessment of the probability of detecting a target mineralization based on exploration criteria. The exploration criteria must include all the factors which control target mineralization in a study area (Yuan et al., 2014) . They can be used to create 3D evidential models and converted into binary models as input models for the modeling process.
The weights of evidence method is based on Bayes' rule (Xiao et al., 2015) and has been effectively used for 2D mineral prospectivity mapping (e.g., Carranza (2004) ; Pazand and Hezarkhani (2014) ; Porwal et al. (2010); Zeghouane et al. (2016) ). It has a number of advantages compared to other simpler or even more complicated data-driven methods. The weights of evidence represent the degree of correlation between a target mineralization and a particular model or pattern created under specific conditions known as an evidence (Agterberg et al., 1990; Bonham-Carter et al., 1989; Carranza, 2004; Cheng and Agterberg, 1999; Yuan et al., 2014) .
In this study, we develop and demonstrate the application of the weights of evidence in a 3D space for modeling a porphyry copper (Cu) deposit located in southeast of Iran within a magmatic arc called Urmia-Dokhtar. We use borehole data comprised of qualitative geological and quantitative geochemical data, which provide input 3D evidential models. The models created using 3D weights of evidence include posterior probability, uncertainty, and studentized posterior probability models. The Python scripts used for implementing the weights of evidence method in a 3D space are released enclosed to this study. Beside this method, we use concentration-volume fractal models and prediction-area plots to evaluate and validate our models. Eventually, we provide an estimate of the reserve and potential places for future drilling.
Geological setting of the study area
The study area is located within a magmatic arc subdivision called Urmia-Dokhtar where extensive Tertiary to Plio-Quaternary intrusive and extrusive units are exposed in a NW-SE trend (Figure 1 ). In several studies, a subduction-related magmatic model is suggested for the Urmia-Dokhtar magmatic arc, which is known to be result of the closure of the Neo-Tethys ocean between Arabian and Eurasian plate (Berberian and Berberian, 1981; Omrani et al., 2008) . In general, this magmatic arc involves two major mineralization regions of Chahar Gonbad to the southeast and Sungun to the northwest. The dominant type of mineralization is porphyry Cu which is associated with Eocene, Pliocene and Quaternary granitoids, plutonic bodies and volcanic rocks. Our study area is located in the Chahar Gonbad region in the southeast of Iran.
The major lithological units in the study area comprise volcanic and subvolcanic complexes, and intrusive bodies. The volcanic rocks cover most of the study area and consist of Eocene andesite, dacite and rhyodacite associated with tuff breccias (Abedi et al., 2014) . The intrusive bodies include granite to diorite dispersed in the south to southwest of the study area ( Figure 2 ). Figure 2 , most of the geological units have been altered due to hydrothermal processes. The most intensive alteration has occurred in subvolcanic rhyodacite units. The major trend of these units and hydrothermal dissemination is NE-SW. It is known that there is a comprehensive correlation between hydrothermal zones and faults (Lu et al., 2016) ; therefore, it is assumed that the alteration zones have been controlled by the faults and fractures in the study area. However, the Cu-bearing mineralization zones are mainly associated with azurite and malachite stockwork veins with minor chalcopyrite as inclusions within quartz (Abedi et al., 2014) . 
As shown in

Materials and methods
Drilling data
In this study, we use drilling data that include geological and geochemical data obtained from 113 boreholes. The location of borehole collars on the geological map can be found in Figure 3 . The polygon drawn around borehole collars using convex hull algorithm shows the super-face of the modeling space. The geological data used for creating 3D geological evidential models involve lithology, alteration, and rock origin information. In addition to Cu concentration values which is used for creating the target ore body, we use other geochemical data including concentration values of Fe, Mo, and Zn for creating 3D geochemical evidential models. These elements are usually applied through prospecting for porphyry Cu deposits (Farahbakhsh et al., 2019) . The 3D strip-logs of the geological and geochemical data are shown in Figures 4 and 5, respectively.
3D modeling
Geological modeling
We use an interpolation method known as lateral blending for interpolating qualitative geological data including lithology, alteration and rock origin in a 3D space. This method available with the RockWorks software package (RockWorks17, 2019b), horizontally extrudes data and randomizes correlations within the mid-zone region. The method produces transgressive or regressive correlations that are similar to what a geologist would hand-draw (RockWorks17, 2019a; Shishaye et al., 2019) . The limitation of the method is due to randomization of the mid-zone, which means that slightly different models are produced each time the model runs.
Geochemical modeling
The geochemical anomalies of iron, molybdenum and zinc (Fe, Mo, and Zn) are key indications of porphyry Cu mineralization in the study area.
We use the inverse-distance anisotropic modeling method which is one of the different kinds of the inverse-distance algorithm for interpolating geochemical data in a 3D space. Using inverse-distance in general, we assign a voxel node value based on the weighted average of neighboring data points, and the value of each data point is weighted according to the inverse of its distance from the voxel node, taken to a power. The greater the value of the exponent, the less influence distant control points will have on the assignment of the voxel node value (RockWorks17, 2019a; Zuo et al., 2016) .
Using the inverse-distance anisotropic method, we look for the closest control point in each 90-degree sector around the node. In this study, the weighting exponent is set to 2, experimentally. The directional search can improve the interpolation of voxel values that lie between data point clusters, and can be useful for modeling borehole-based data, and particularly for stratiform deposits. The quadrant searching tends to connect the limits (highs and lows) at the same elevation.
Weights of evidence modeling
Weights of evidence is a data-driven prospectivity modeling method and known as a Bayesian probabilistic method (Bonham-Carter, 1994 ). This method is used for estimating the posterior probability of a target ore body under the assumption of conditional independence of input evidential models (Xiao et al., 2015) . This assumption is also known as one of the weaknesses of this method (Joly et al., 2012) . Using this method, prior belief of the model of a specific type of mineralization or an ore deposit in an area or space is updated in the light of other evidence such as geological, geochemical or geophysical models. An example of the prior belief is the primary model created by interpolating concentration values of the target element obtained through the boreholes. The posterior probability of mineralization P(M) after looking at data or evidence (E) is determined via the likelihood function using Eq. 1 (Bonham-Carter, 1994) :
This method is simple from the computational view, and 2D weights of evidence is readily implemented in GIS packages (e.g., ArcGIS Desktop (2019);
QGIS Development Team (2019)); however, implementing this method in a 3D space is more complicated. The weights of evidence method enables a user to interpret calculated positive and negative weights in geological terms intuitively. The positive and negative weights indicate the spatial association between the voxels with and without mineralization, and the presence and absence of anomalous voxels of evidential models. For example, an evidential or predictor model can be used to assess the contribution of a geological process in the formation and prospectivity of a specific type of mineralization (Xiao et al., 2015) . Moreover, this method can work with a low number of training datasets compared to other data-driven or machine learning techniques. The three-dimensional weights of evidence used in this study is similar to the traditional method applied for mineral prospectivity mapping (Bonham-Carter, 1994; Carranza, 2004) , and pixels are replaced with voxels.
The steps for 3D mineral potential modeling using the weights of evidence which are implemented in this study, can be summarized as shown in Figure   6 and described as follows:
• Acquiring drilling data including required geological and geochemical data;
• Creating the model of target ore body based on the Cu concentration values along the boreholes in different intervals;
• Providing 3D geological and geochemical evidential models;
• Calculating weights of evidence and other important parameters such as standard deviation and variance of the weights for different geochemical models based on a range of thresholds and for each unit of geological models;
• Determining the best threshold for converting continuous geochemical models into binary models;
• Selecting input evidential models for creating the posterior model based on the contrast and studentized contrast;
• Integrating selected evidential layers and creating 3D posterior probability, uncertainty and studentized posterior probability models;
• Validating the results.
Binarization
One of the most important steps in prospectivity modeling based on the weights of evidence method is determining a proper threshold for converting continuous models, such as geochemical models into binary models. In this study, we classify continuous models based on different standard deviations of the mean. Each continuous model is classified with the thresholds ranging between mean and a width of five standard deviation to the right side of the distribution function with an increment equal to half of the standard deviation. The result for each continuous model is eleven binary models.
The Cu concentration values are interpolated as well as other geochemical elements, and then converted into a binary model for determining the target ore body. We calculate the positive and negative weights for each binary evidential model created by different thresholds for multiple models of the target ore body. These weights along with other important parameters such as contrast are calculated as described by Bonham-Carter (1994) and Bonham-Carter et al. (1989) . Here, contrast values are used to assess the association between known mineralization voxels and evidential models.
The threshold used for separating anomalous voxels of the Cu concentration is determined by checking each binary model of the Cu concentration for the maximum studentized contrast of the evidential models.
The thresholds for creating binary evidential models using continuous geochemical models are determined based on the maximum studentized contrast and the occupied percentage of the modeling space. According to the occupied percentage of the modeling space by the target ore body, we only investigate the thresholds in terms of the studentized contrast, above which anomalous voxels occupy at least 1% of the modeling space.
Posterior probability
The posterior probability model which is the result of integrating input evidential models, is generated using Bayes' equation in a log-linear form with the assumption that conditional independence applies (Bonham-Carter, 1994; Bonham-Carter et al., 1989) . In this study, we use the Concentration-Volume (C-V) fractal model (Afzal et al., 2011) for determining a proper threshold for separating anomaly population of voxels from the background.
Studentized posterior probability
Using the weights of evidence enables the user to calculate the effects of uncertainty in the weights, and uncertainty due to missing information, and produce an uncertainty quantified model which is propagated in the decision making. The variances of the weights and contrast also help to determine the cutoff level at which to convert multiclass models to binary form, and to model the uncertainty of the posterior probability due to uncertainty in the weights and caused by lack of information (Bonham-Carter, 1994) . In this study, the parameters required for creating the uncertainty model include standard deviation and variance of the weights, and contrast which are calculated by adapting the methods described by Bishop et al. (1975) , Bonham-Carter (1994) , Bonham-Carter et al. (1989) and Carranza (2004) .
A useful measure is to calculate the studentized value of the contrast, as a measure of the uncertainty with which the contrast is known. The studentized value S(C) is calculated as the ratio of contrast C to its standard deviation StD(C) as shown below:
As long as the ratio is relatively large, implying that the contrast is large compared with the standard deviation, then the contrast is more likely to be real. A studentized value larger than 2, or even 1.5 is satisfactory. Due to the assumptions required for a formal statistical test, particularly the problem with the dependence of the standard deviation of contrast on the units of measurement, it is best to use this ratio in a relative, rather than an absolute sense (Bonham-Carter, 1994) .
The variances of the weights can be used to calculate the variance of the posterior probability at each voxel, and to generate an uncertainty model that accompanies the posterior probability model. The square root of the total variance at each voxel equals the standard deviation. The ratio of the posterior probability to the corresponding standard deviation is called studentized posterior probability. The studentized posterior probability acts as a measure of the relative certainty of the posterior probability. The voxels where the studentized value falls below some threshold can be masked out, due to lack of confidence in the results. In this study, the threshold is determined based on the C-V fractal model.
Results
3D evidential models
In this study, we use qualitative geological and quantitative geochemical data obtained from the boreholes to create 3D geological and geochemical evidential models. We later apply these models to create a 3D mineral other geometrical parameters can be found in Table 1 . The 3D models are inscribed in a polygon created by the convex hull algorithm based on the coordinates of the borehole collars ( Figure 3) . Moreover, they are restricted to a super-and sub-face based on the elevation of the borehole collars and the depth of each borehole to make sure that there are sufficient number of data points for interpolating throughout the modeling space. The total number of voxels is approximately 500,000.
Geological models
Three different types of geological data including lithology, alteration and rock origin are used for creating 3D geological evidential models. As shown in Figure 3 , we designed two cross-sections (AA' and BB') along the small and large diameters of the study area to visually investigate the correlation between the aforementioned data types and the Cu concentration. These cross-sections along with the interpolated Cu concentration anomaly zones (greater than 0.2%) are shown in Figure 7 .
We used RockWorks software package RockWorks17 (2019b) for creating 3D solid models using different available geological data obtained from the boreholes. As described in section 3.2, a method called lateral blending is used to interpolate the geological data in the 3D space. Figure 8 presents the solid models created using lithology, alteration and rock origin data.
Moreover, two fence diagrams in different views from each solid model are shown in Figure 9 .
Geochemical models
We use the Cu concentration values in different intervals through the boreholes to create a primary 3D model of the target ore body concealed in depth using the inverse-distance anisotropic interpolation method which is later used as a training model. Moreover, we use Fe, Mo, and Zn concentration values for creating other geochemical evidential models. In Figure 10 , anomalous voxels of these 3D geochemical models are shown. The threshold used in each model for discriminating the anomaly population from the background values are determined by the maximum studentized contrast.
Further details on this can be found in the next section.
Prospectivity modeling
As explained in section 3.3, according to the results and the known cutoff grade of Cu concentration in the study area, the threshold for creating a binary model of the target ore body is determined 0.45%. Based on this threshold, the target ore body occupies 1.34% of the total modeling space which can also be considered as the prior probability (Figure 10a ). The weights of evidence for different binary models based on different thresholds for Fe, Mo, and Zn concentration values are presented in Tables 2-4, re- Each solid model is shown with a cutout for a better understanding as well. These voxels occupy 3.11% of the modeling space. In Figure 13 , the posterior probability model and the anomalous voxels are shown.
Uncertainty
The total variance of each voxel is given by summing the variances of the weights of evidence, which can be considered as a parameter for determining the uncertainty of each voxel. In Figure 14a , the 3D model of the total variance is shown. According to the histogram of the total variance shown in Figure 14 , there is a gap between the bins, and the voxels with values greater than 1 are considered as the anomalous voxels which are shown in Figure 14b . The anomalous voxels include 3.28% of the total modeling space.
The 3D model of the studentized posterior probability and the anomalous voxels are shown in Figure 16 . We used C-V fractal model for separating the anomalous voxels from the background. According to the relevant chart shown in Figure 15 , the voxels with values greater than 14 are considered anomalous which include 0.88% of the total modeling space.
Validation
The prediction-area (P-A) plot is used in order to quantitatively validate the results obtained from the probability models. In a P-A plot, the cumulative percentage of predicted mineralization and the corresponding cumulative occupied volume, with respect to the total volume, are shown against the prospectivity values. Therefore, the prediction ability of a prospectivity model and its ability to delimit the modeling space for further exploration and drilling are evaluated in a scheme. The P-A plot shows a curve of the percentage (prediction rate) of known mineralization and a curve of the per- centage of occupied volume corresponding to the classes of a prospectivity model. When an intersection point of the two curves is at a higher place, it portrays a small volume containing a large number of mineralization-bearing voxels. Furthermore Farahbakhsh et al. (2019) , objectively chooses a better model to give priority for mineral exploration. The comparison of the prediction rates in the P-A plots, which are shown in Figure 17 , indicates the importance of analyzing the predictability of prospectivity models. We compared two prospectivity models including the posterior probability and studentized posterior probability models. It is noteworthy that for assigning probabilistic values to both models, in terms of prospecting for Cu mineralization and distribution of the voxel values between 0 and 1, they are transformed to a fuzzy space using a logistic function (Yousefi and Nykänen, 2016 ). This transformation not only results in better discrimination of the anomalies from the background level, but also improves the prediction rate of the known places of mineralization.
Discussion
In this study, we used two different types of drilling data including the qualitative geological and the quantitative geochemical data obtained from 113 boreholes through creating a 3D prospectivity model of Cu mineralization in the study area. The geological data comprise three types of data including lithology, alteration and rock origin. There are 15 different types of lithology in the modeling space according to the drilling data, while the diversity of lithology on the surface is less (Figures 2 and 4a ). Among these lithology types, four lithology types including granite, monzodiorite, monzonite and tuff show positive contrast and studentized contrast (Table 5) Figure 11 , indicate the errors associated with particular contrast values due to small amount of the data, or due to small volumes. It is obvious that the selected threshold for creating geochemical evidential models maybe far from the known cutoff grade of a specific geochemical element, but the fact is that the aim is to prospect for Cu and these models are only used as an evidence of Cu mineralization.
In this study, we created two probability models including posterior probability and studentized posterior probability models for visualizing the Cu mineralization potential in the target modeling space. It is clear that studentized posterior probability model is more reliable due to the contribution of uncertainty through determining anomalous voxels. The number of anomalous voxels in the posterior probability model which is determined based on the C-V fractal model, is more than three times greater than the number of anomalous voxels in the studentized posterior probability model. We observed that in the spaces where there are few or no borehole inside or near it, the total variance or uncertainty shows a high value which proves the capability of this index for the defined task.
The intersection point in the P-A plot of the posterior probability model shows 62% of the anomalous voxels of the interpolated Cu concentration were predicted in 38% of the total modeling space. The intersection point in the P-A plot corresponding to the studentized posterior model shows 45% of the anomalous voxels of the interpolated Cu concentration were predicted in 55% of the total modeling space. The main reason for the better results of the posterior probability model is by ignoring high number of voxels due to high values of uncertainty in the studentized posterior probability model.
We implemented all the steps of the three-dimensional weights of evidence modeling using the Python scripts which are released for the first time and freely available enclosed to this study. The main advantage of these scripts is that they are simple and easy to understand for any user who has a basic knowledge of the computer programming. Moreover, they can be run fast even by a normal computer. The scripts can be developed in future for other types of the three-dimensional weights of evidence modeling method.
Conclusions
In this study, we integrated the qualitative geological and quantitative geochemical drilling data obtained from 113 boreholes located on a porphyry Cu deposit in southeast of Iran within Urmia-Dokhtar magmatic arc, through creating a mineral prospectivity model based on 3D weights of evidence. The input evidential models to the modeling process comprise of lithology, alteration and rock origin data in addition to geochemical models including Fe, Mo, and Zn concentration values. Based on the maximum studentized contrast, we determine the thresholds for creating binary models from the continuous geochemical models which are created by interpolating concen-tration values using an anisotropic inverse distance method. The selected thresholds are not necessarily equal or near to the cutoff grade of the trace element, but help to separate those voxels which are highly correlated with the Cu mineralization.
The final models include posterior probability, total variance that projects the uncertainty, and studentized posterior probability. The anomalous voxels in probability models are determined using the C-V fractal models through finding the suitable threshold for separating anomaly population from the background. The posterior probability model shows better results based on the P-A plots, although the studentized posterior probability model is more reliable due to the lower uncertainty. The results show the efficiency of our method in constructing different geometric models of a specific ore deposit concealed in depth, determining key factors which control the mineralization in the modeling space, identifying potential mineralization and improving the perception of ore genesis.
The mineral prospectivity modeling based on the weights of evidence is highly dependent on the model considered as the target ore body. In future, we aim to use geostatistical methods for creating a more reliable model to consider as the target ore body, because we would be able to provide an uncertainty model beside the model yielded by the interpolation process. In addition, we can decrease the uncertainty in our posterior probability model by adding other exploration data such as geochemical and geophysical models and creating more input evidential models compatible to the metallogenic model of the study area.
